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Abstract
Scale invariance of intrinsic patterns is an important concept in geology that
can be observed in numerous geological objects and phenomena. These geo-
logical objects and phenomena are described as containing statistically self-
similar patterns often modeled with fractal geometry. Fractal geometry has
been used extensively to characterize pore space and fracture distribution
of both carbonate and clastic rocks as well as the transport properties of
porous media and fluid flow in reservoirs. The fractal properties are usually
estimated from thin-section photomicrograph images or scanning electron
microscope images. For complex rock such as carbonate rocks, automatic
feature detection methods are often inaccurate. In addition, the rocks may
be have been subjected to facies selective diagenesis which preferentially af-
fect some of the rock fabric, thus increasing the difficulty in automatic detec-
tion of certain features. We present an interactive program, GeoBoxCount,
for analyzing thin-section images and calculating the fractal dimension in-
teractively. The program relies on the geologists insight in interpreting the
features of interest; this significantly improves the accuracy of feature selec-
tion. The program provides two options for calculating the fractal dimension:
the Hausdorff and the Minkowsi-Bouligand box-counting methods.
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1 Introduction
The concept of fractals was introduced by Benoit Mandelbrot (1983) and can
be observed extensively in many areas of geology and geophysics. Examples
include the perimeter of coastlines (Mandelbrot, 1983), sinuosity of stream
patterns, velocity modeling in refraction seismology (Crossley and Jensen,
1989), oil and gas field distributions (Hein, 1999), and in the frequency-
intensity distribution of earthquakes (Turcotte, 1992). Fractal geometry has
also been used extensively to characterize pore space and fracture distribution
of both carbonate and clastic rocks as well as the transport properties of
porous media and fluid flow in reservoirs (Pape et al. 1987, Pape et al.
1999, Xie et al. 2010). Box-counting methods (Moisy, 2006) are commonly
applied to thin-section photomicrographs or scanning electrom microscope
(SEM) images in order to estimate the fractal dimension. This procedure
involves recognizing every instance of a certain feature everywhere it occurs
in the image, then super-imposing boxes of varying size and counting how
many boxes cover the features of interest. When feature interpretation is
done automatically the recognition accuracy is often low. The procedure is
affected by other problems such as: finite size effects (Gonzato et al, 1998),
edge effects (Agterberg et al., 1996) and memory limitations (Hou et al.
1990). This has led to the proposal of different box-counting methods.
We present a new program, GeoBoxCount, for interpreting thin-section
photomicrograph and SEM images and interactively selecting features of in-
terest based on a geological insight. Due to complexity of certain rocks, such
as carbonate rocks that are often affected by facies selective diagenesis, au-
tomatic detection of features, such as pore spaces, fractures, or specific fossil
types, is often inaccurate. Interactive interpretation of the images ensures
all features of interest are captured. After the features have been selected,
the program provides two options for calculating the fractal dimension: the
Hausdorff and the Minkowski-Bouligand or Kolmogorov box-counting meth-
ods.
2 GeoBoxCount
GeoBoxCount is written in Matlab 2017b and includes a graphical user in-
terface (GUI) for running the program (Figure 1 ). The program can be
downloaded from https://zenodo.org/record/1174524. It can be run us-
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ing the following simple functionalities:
Figure 1: Graphical User Interface for GeoBoxCount
1. Load Image: The Load Image button is used to input the image to
be analyzed. The program accepts most common image formats. The
main axis also has zoom functionality.
2. Picking Points: The Pick Points button is used to interpret the image.
By default is uses circles. The number panel and the color panel can
be used to set the radius and the color of the circle.
3. Load Points: The Load Points button can be used to input points from
an ascii file saved from a previous pick.
4. Method: The Method Panel is used to select the preferred method for
calculating the fractal dimension.
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5. Calculate: The Calculate button is used implement the calculation and
display the results.
6. General: The Save button is used to save the images and the picked
coordinates. The Reset button, clears the memory and restarts the
program.
3 Application
To demonstrate the usage of the program we apply it to data from the Happy
Spraberry Field, Permian basin, TX, USA (Figure 2). We also demonstrate
how the fractal dimension estimated from moldic pores can be used to cal-
culate permeability. The Happy Spraberry Field Texas is located in Garza
Figure 2: Location of the Happy Spraberry Field, Permian Basin, TX
County on the northern part of the Midland Basin (Figure 2). It produces
oil from heterogeneous shallow shelf carbonates of the Permian-aged Lower
Clear Fork Formation. Core samples obtained from the field indicate the
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reservoir facies contain oolitic skeletal grainstones/packstones and skeletal
rudstones. The reservoir facies have cemented and dissolution enhanced pore
types caused by facies selective diagenesis. Moldic pores are the most abun-
dant across the field and dominate the oolitic skeletal grainstone packstone
facies. We make use of thin section photomicrographs of the reservoir fa-
cies from a well in the Happy Spraberry Field. We use GeoBoxCount to
interactively model the pore paces as tubular cylinders in a pigeon hole frac-
tal model and apply the box-counting method to extract the porosity and
the Minkowsi-Bouligand fractal dimension. For a pigeonhole fractal model
Pape et al. (1987) and Pape et al. (1999) derived equations that relate
tortuosity and porosity with the fractal dimension. Equation (1) shows the
modified Kozeny Carman equation. Equations (2) and (3) relate tortuosity
and porosity to the fractal dimension; the equations are only valid for fractal
dimensions with values between 2 and 3.
k =
φ
8T
r2eff (1)
T = 1.34
rgrain
reff
0.67(D−2)
(2)
φ = 0.5
rgrain
reff
0.39(D−3)
(3)
In the equations (1 - 6), T is tortuosity, rgrain is average grain size, reff
is the effective pore radius, D is the fractal dimension, k is permeability and
φ is porosity.
Figure 3 shows the pigeonhole model used to approximate the moldic
pores. Figure 4 depicts how the fractal dimension is estimated. Plausible
values of the fractal dimension range from 1.63 to 2.11, hence equation (2)
is applicable for values greater than 2. We choose the value of 2.11 and
substitute it in the equations (2) and (3) to obtain:
T = 1.34
rgrain
reff
0.07
(4)
φ = 0.5
rgrain
reff
−0.35
(5)
Combining equations (4) and (5) with equation (1), we obtain equation
(6):
k = 4.3 ∗ 1011r2grainφ7/5 (6)
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Figure 3: Application of the pigeon-hole fractal model to moldic pores in a
thin-section image.
Using an average value of grain size radius = 250000nm and porosity
ranging from 0 to 35 percent, we compare the estimated permeabilities to
lab measured core permeabilities from the field. Figure 5 shows the estimated
permeability-porosity relationship has a good match with the lab measured
permeability-porosity relationship especially for porosity values less than 20
percent.
4 Conclusion
We develop a new program for interactively selecting features of interest in
thin-section photomicrograph and SEM images and estimate the fractal di-
mension. We demonstrate the usage of the program using data from the
Happy Spraberry Field, Texas. We also demonstrate how to use the frac-
tal dimension in estimating the tortuosity and permeability of rock samples
from fractal properties of moldic pores. The pigeonhole fractal is used to
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Figure 4: Calculating the fractal dimension
Figure 5: Comparing estimated and measured permeability
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successfully characterize the moldic pores in the reservoir facies of carbonate
rocks and extract the fractal dimension. We then apply the Kozeny-Carman
equation and equations relating the tortuosity and the porosity to the fractal
dimension to establish an empirical relationship between permeability and
porosity. For more geoscience related codes and works from the authors, see
(Attanayake et al., 2010; Amosu et al., 2011, 2012, 2013, 2016; Amosu and
Smalley, 2014; Amosu, 2013, 2014; Amosu and Sun, 2017a-e, 2018).
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